ABSTRACT Over the past decades, the unmanned aerial vehicle (UAV) has received unprecedented surge of scientific and military interest worldwide. This paper investigates the problem of opportunistic spectrum access for multi-UAV networks from a game-theoretic perspective. Due to the topology of the multi-UAV networks, the interference may be classified into two parts, i.e., the intra-cluster and the inter-cluster interference. Moreover, since the UAVs in the network have different tasks, the communication demand of each UAV should be taken into account. First, we formulate the demand-aware joint channel-slot selection problem as a weighted interference mitigation game, and then, design the utility function considering features of multi-UAV network, e.g., some rewards due to the channel and slots selection. We prove that the formulated game is an exact potential game with at least one pure-strategy Nash equilibrium. Next, we apply the distributed log-linear algorithm to achieve the desired optimization and overcome the constraint of dynamic communication demand of each UAV. To speed up the convergence, we also propose a low-complexity and realistic channel and slot initialization scheme for UAVs. Finally, the simulation results validate the effectiveness of the formulated game.
I. INTRODUCTION
Over the past decades, the unmanned aerial vehicle (UAV) has received unprecedented attention and huge interests worldwide. It exhibits outstanding performance and potential military and civilian applications [1] , including surveillance and reconnaissance [2] , [3] , source seeking [4] , target detection [5] , oil and gas exploration, and disaster sensing [6] . The UAVs have received increasingly large amounts of attention in accomplishing complex and dangerous tasks since their flights can be controlled by the onboard computers or the pilot on the ground. As the development of the technology, it is proved that a group or cluster of UAVs, working together to fulfill the task, is more efficiently comparing with a single UAV [7] . Besides, huge amount of research has been done in the communication of UAV networks. In [8] , a navigation data-assisted opportunistic spectrum access (OSA) scheme wireless communications in the UAV networks was proposed to achieve optimal spectrum efficiency, where the authors formulated the process as an optimization problem. The packet transmission delay minimization problem for a two-layer UAV network might be solved using the resource allocation optimization mechanism [9] . However, only few studies demonstrate how to allocate limited communication resources for a multi-UAV network and reduce the interference among the UAVs.
The game theory, owing to its unique characteristics and wide applications in small cells [10] - [15] , may be applied in multi-UAV networks to mitigate the interference between the UAVs. Exploring new resources and utilize them more efficiently represent powerful techniques to meet the increasing demand on the large-scale multi-UAV networks. For instance, simultaneous allocation of the time and spectrum resources and using the opportunistic spectrum access (OSA) technology represent some of these effective techniques. Over the last decade, the huge amount of research on the OSA, e.g., [16] - [20] , has validated the effectiveness and availability of the OSA technology, and therefore, the OSA may be applied in multi-UAV networks. However, most of the research on the OSA has focused on the spectrum resource while only few works on the joint frequency and time resource allocation have been reported [20] . Specifically, [19] and [20] represent the most related work to the proposed technique in this paper. Xu et al. [19] investigated the dynamic spectrum access for small-cell networks considering different loads. However, this study suffers from two limitations, i.e., the article only considers the channel selection and also, it is mandatory to allocate different channels for the users located in the same cell, which means they consider no interference between the users in the same cell. In [20] , although the authors considered the joint frequency and time resource allocation, they did not take into account the demand of each user and their proposed scenario is not appropriate for the multi-UAV networks.
Motivated by these observations, authors applied these technologies in multi-UAV networks [21] . We preliminarily proposed the joint channel-slot selection scheme for multi-UAV networks. Then, we formulated the weighted interference minimization game to distinguish the interference seen by the UAVs in the same cluster and the neighboring clusters, which may be considered as the intra-cluster and inter-cluster interference, respectively. However, there still exists several distinctive features that should be taken into account for practical applications, as follows.
First, the UAVs have different missions which result in different communication demands. For instance, the UAVs employed for the reconnaissance and telemetry mission require long time to occupy the frequency resource. Due to the hop of the channel, which may be dangerous and difficult for the UAVs communication, the UAVs with heavy demand should employ more than one slot to communicate. Meanwhile, the UAVs with heavy communication demand tend to employ a short slot interval to save the energy for the status switching.
Secondly, when the difference between the slots is enough to suppress the interference, the UAVs in the same cluster tend to select the same channel to facilitate the burden of the UAV ground station.
This article considers the distributed demand-aware channel-slot selection scheme for the interference mitigation in multi-UAV networks, where each UAV determines when to communicate and which channel to occupy. In this scenario, the interference between the UAVs is reduced, for decreasing the number of the UAVs selecting the same channel at the same slot. We first form the interference mitigation model and then formulate the opportunistic spectrum access problem as a non-cooperative game. In the view of the aforementioned observations, these characteristics are reflected in the utility function where we allocate the weight coefficients to the corresponding features and combine them by linear weights. Next, we apply the distributed log-linear algorithm along with the initialization scheme to achieve NE.
The main contributions of this article are summarized as follows:
1) We first investigate the problem of opportunistic spectrum access for multi-UAV networks from a game-theoretic perspective. We formulate the problem as a demand-aware weighted interference mitigation game, considering the communication demand and the distinctive features of the multi-UAV networks. The UAVs with heavy demand tend to choose adjacent slots for communication. Moreover, the UAVs in the same cluster tend to choose the same channel but different slots. It is proved that the formulated game is an exact potential game with at least one pure-strategy Nash equilibrium (NE) point.
2) We then apply the distributed log-linear algorithm to achieve the NE and propose a low-complexity and realistic channel and slot initialization scheme for UAVs to speed up the convergence. The simulation results show that the algorithm can converge fast to optimal network utility, as well as the minimum weighted aggregate interference. Moreover, due to channel and slots selection, the proposed algorithm guarantees the aforementioned advantages, which validate the effectiveness of the proposed game model. In addition, the network utility and aggregate interference level achieved from the learning solution are very close to the best NE, which also demonstrates the effectiveness of the algorithm.
Note that the amount of previous research has been extensively conducted in small-cell networks [11] - [15] . The main differences between the methodology in this article and those of the previously reported articles are as follows: i) Because of the cluster characteristics of the multi-UAV network, we consider the intra-cluster interference between the UAVs. Then, we apply the graphical game model between the clusters to measure the inter-cluster interference, where the interference emerges between the neighboring clusters. ii) Most of the previously reported works employ a centralized control method. However, considering the dynamic demands of the UAVs, the centralized control method is not suitable and cannot be applied to the multi-UAV networks. We use distributed algorithm along with the initialization scheme to adapt the dynamic demands of the UAVs. iii) We define the network utility as a new metric in high-level abstraction in comparison with the conventional PHY-layer.
The rest of this article is organized as follows. Section II introduces the system model and the problem formulation. In Section III, we formulate the weighted interference mitigation game model and analyze the existence and performance of NE. Then, we use the log-linear algorithm along with the initialization scheme to achieve the optimal solution in Section IV. Finally, Section V provides the simulation results verifying the proposed game model, and Section VI concludes the article and presents some potential further research directions in this area.
II. SYSTEM MODEL AND PROBLEM FORMULATION A. SYSTEM MODEL
We consider a multi-UAV network involving N UAVs which belong to Q UAV clusters, where the UAVs are characterized with different communication demands. All channels and time slots are available for the UAVs and each UAV may select the number of channels or slots to communicate, depending on its communication demand. The interference appears when two or more UAVs share the same channel at the same slot. There are M channels and T slots available for the multi-UAV network. The set of the available channel and the time slot are denoted by M = {1, 2, . . . , M } and T = {1, 2,..., T }, respectively. We denote the UAV set as N , i.e., N ={1, 2, . . . , N }, and the UAV cluster set as
Due to the connectivity inside the UAV cluster, regardless of the formation of the UAV cluster, all the UAVs in the same cluster may interfere with each other. To describe the feature of the connectivity mentioned above, we suppose that the UAV n belongs to the cluster S q (1 ≤ q ≤ Q). Then we define the set of UAVs which are located in the same cluster, with the UAV n as U n = {i ∈ S q , i = n}.
Since the UAV clusters have different locations, the communication of an arbitrary UAV only affects the UAVs in the neighboring clusters. Motivated by [18] , we apply the interference graph to describe and solve the interference relation between the UAV clusters. Here, the distance between two UAV clusters, i.e., S q and S k , is denoted by d S q S k . If the distance d S q S k is less than the threshold interference distance d 0 , the interference occurs when they choose the same channel at the same slot. Thus, the interference graph is defined as G = {V , E}, where V represents the vertex set, as the UAV cluster set, V = {S 1 , S 2 , . . . , S Q }, and E is the edge set, i.e.,
Furthermore, we denote the neighboring UAV cluster set of the cluster S q as J S q , with
where the set of the UAVs in J S q can be defined as J n = {j ∈ S k : S k ∈ J S q }.
B. PROBLEM FORMULATION
Note that the UAVs have different communication demands, where the UAV with heavy demand requires more channels or slots for communication. Moreover, the hop of the channel may be dangerous and harmful for the UAVs communication. We suppose that the communication demand of an arbitrary UAV is less than the number of slots T . Thus, we allocate D n slots on one channel for the UAVs to meet their communication demands, where 1 ≤ D n ≤ T may be considered as the communication demand of UAV n. Fig. 1 shows the multi-UAV network, consisting of five UAVs located in two clusters, three available channels and four available slots. Suppose that the UAVs with heavy demand marked with the asterisk(*), i.e., the UAV No.2, 3 and 4 require more than one slot on the same channel to communicate appropriately.
Consider a n = (c n , T n ) as the corresponding channel and slots selected by the UAV n, where c n ∈ M, and 
For simplicity, we suppose t i < t i+1 , ∀1 ≤ i ≤ D n − 1, and the interference experienced by the UAVs in U n and J n can be called intracluster interference and inter-cluster interference [21] . Then we define the individual intra-cluster interference level and inter-cluster interference level as follows:
where δ(x, y) is the Kronecker delta function, as:
For identical selections of two UAVs, i.e., same channel at the same slot, the Kronecker delta function takes one; otherwise, it takes zero.
In order to distinguish these two types of interference levels, we consider the weighted interference level as s n = αs n(in) + βs n(out) , where α, β are the weights satisfying 0 < β < α < 1, α + β = 1. Then we achieve
The individual interference level is defined as the weighted number of the UAVs which compete for the same channel at the same time slot. Note that the weights α and β are designed to balance the tradeoff between the intra-cluster and intercluster interferences. Although the experienced interference VOLUME 6, 2018 of the UAV n is divided into two parts, the distance essentially represents the main factor. Therefore, the effect of the intra-cluster interference is more than the other one, where 0 < β < 0.5 < α < 1.
For an arbitrary individual UAV n, we wish to minimize its individual interference level s n . From a network perspective, the aggregate interference level of the UAVs should be minimized since the smaller aggregate interference level implies higher throughput and better performance. Therefore, we formulate the problem of the demand-aware weighted interference mitigation model where the objective is to minimize the interference, as
However, to achieve the reliability, the two following affecting factors should be carefully considered.
1) The UAVs with heavy communication demand choose more than one slot. If the slot interval is too long, the UAV must be silent through the interval which will cause the unnecessary waste due to the status switching. Different from terrestrial communication systems, the endurance limited by on-board energy is of critical importance for UAV networks [22] . To characterize this feature, we define the function f (T n ) to measure the slot interval of the UAV n, as
where T represents the number of slots, D n shows the communication demand of the UAV n. If the UAV n chooses the adjacent slots, the value of f (T n ) is larger, may be considered as slot-interval reward. For an arbitrary UAV, it prefers shorter slot interval which may conserve the energy. From the multi-UAV network viewpoint, shorter slot interval of each UAV, yields more efficient network. Thus, our purpose is to minimize the aggregate slot intervals, and in another word, to maximize the aggregate f (T n ), as
2) In order to ease the burden for the UAV ground station and efficiently use the resources, the UAVs in the same cluster may choose the same channel at different slots under the circumstance that the difference between the slots is enough to eliminate the interference. Here, g(a n , a i ) represents the UAV in U n which, comparing with the UAV n, chooses the same channel but different time slots, as g(a n , a i ) = 1, c n = c i and t n = t i , ∀t n ∈ T n , ∀t i ∈ T i 0, others.
The function in (8) takes one while the identical channel selections of two UAVs in the same cluster, where they do not interfere with each other, and otherwise, it takes zero. From the multi-UAV network side, while no interference occurs between the UAVs in the same cluster, the goal would be to maximize the total number of the UAVs in the same cluster that choose the same channel. This may be called as the cluster reward, i.e., P3 : max n∈N i∈U n g(a n , a i ) (9) It should be noted that the optimization goals have different degrees of importance. As a result, we introduce the weighting factors to balance the relative importance of each problem. Thus, the utility of the multi-UAV network may be expressed as
where D is a predefined positive constant, σ , τ and η are the weights for balancing the tradeoff between the optimization problems. The main goal is to first mitigate the aggregate interference level, and then ensure that the selected slot interval is not too long, and finally, hope that the UAVs in the same cluster choose the same channel but different slots. Thus, we have σ > τ > η > 0.
Therefore, the ultimate goal is to maximize the network utility, as
III. WEIGHTED INTERFERENCE MITIGATION GAME A. WEIGHTED INTERFERENCE MITIGATION GAME MODEL
We formulate the joint channel-slot selection problem as an interference mitigation game, where the formulated game is considered as a non-cooperative game. Formally, the game is denoted as F = {N , G, {A n } n∈N , {u n } n∈N }, where N ={1, 2, . . . , N } is a set of UAVs, which act as the players in the formulated game. G is the interference graph between the UAVs, A n is a set of the available actions for UAV n, and u n is the utility function of UAV n. The action space of the UAV n is represented by A n ={c 1 , c 2 , . . . , c M }⊗{t 1 , t 2 , . . . , t T }, where ''⊗'' indicates the Cartesian product. The utility function in a game is denoted by u n (a n , a −n ), where a n = (c n , T n ) is the action of UAV n, and a −n = (c −n , T −n ) represents the action profile of all the UAVs excluding the UAV n. In order to optimize the problem P4, we define the following utility function
where D is a predefined positive constant to keep the utility function positive, σ , τ and η are the weights, s n , f (T n ) and g(a n , a i ) are respectively characterized by (4), (6) and (8) . Therefore the proposed interference mitigation game can be expressed as:
B. ANALYSIS OF NASH EQUILIBRIUM (NE)
In the game theory, the Nash equilibrium (NE) represents a significant solution concept of a non-cooperative game. It is a stable solution that no one can benefit by changing its own strategy. The exact potential game (EPG) is one of the most attractive potential games with several perfect features. It is crucial to analyze the existence of the Nash equilibrium in this weighted interference mitigation game model. We first present the definitions of the Nash equilibrium and the exact potential game of the formulated game which may be directly achieved from [23] as follows.
Definition 1 (Nash equilibrium):
A joint channel and time slot action profile a * = (a * 1 , a * 2 , . . . , a * N ) is a pure-strategy NE if and only if no UAV can improve its utility by unilaterally deviating its strategy while the others keep theirs unchanged, i.e.,
A game is an exact potential game (EPG) if and only if a potential function φ :
That is, the change in the utility function due to the unilateral deviation of a single UAV, is exactly the same amount of change in the potential function.
Based on the above definitions, the properties of the formulated game are presented by the following theorem.
Theorem 1: The weighted interference mitigation game F is an exact potential game which has at least one pure-strategy NE. The optimal solution, maximizing the network utility, constitutes the NE of the formulated game.
Proof: Refer to Appendix A. Although Theorem 1 characterizes the best performance of the proposed weighted interference mitigation game, it may have some pure-strategy NE points that are not optimal. Thus, we present the following theorem to characterize the lower bound of network utility at any NE points.
Theorem 2: For any multi-UAV network topology, the network utility U at any NE point is bounded by:
Refer to Appendix B.
IV. DISTRIBUTED LEARNING ALGORITHM
After introducing the interference mitigation game, it is desirable to find an algorithm for achieving the NE. Numerous learning algorithms may achieve the NE for potential games, including the best response [23] , fictitious play [24] , and spatial adaptive play [18] . However, these algorithms are impractical since they require information exchange between the players. To overcome the shortcomings of these algorithms, we propose the log-linear based uncoupled algorithm [17] and analytically show its convergence. Furthermore, considering the learning rate of algorithm is very important to the UAV networks, we propose a low-complexity and realistic channel and slot initialization scheme for UAVs to speed up the convergence.
A. LOG-LINEAR LEARNING ALGORITHM
The concrete steps of this algorithm are summarized in Algorithm 1. The key idea is that the UAV is randomly selected to update its joint channel-slot selection only based on its individual utility in each iteration and determines the selection stochastically; furthermore, we stipulate the former strategy actions considering the most important factors affecting the performance.
Algorithm 1 Distributed Log-Linear Joint Channel-Slot Selection Algorithm
Initialization: Set k = 1 and initialize a n = (c n , T n ), n ∈ N .
Step 1: Randomly select UAV n suffered from intra-cluster interference to switch channel and randomly choose slots, i.e., c n (k + 1) = c n (k).
Step 2: If the predefined iteration k * is approached or the network is intra-cluster interference-free, go to Step 3; otherwise, back to Step 1.
Step 3: Randomly select UAV n, and keep all the UAVs' selections unchanged. Then, the selected UAV n measures the experienced interference level, slot-interval reward and the cluster reward to calculate its utility u n (k) by (12).
Step 4: The selected UAV n randomly chooses a joint channel-slot selection a m = (c m , T m ) with equal probability while other UAVs keep their selections unchanged. Then it calculates the utility based on the selection a m , denoted as u m .
Step 5: The selected UAV n adheres to the following rules to update its selection:
with γ being the learning step.
Step 6: If the maximum iteration is approached or the change of the network utility is trivial during a period, stop; otherwise, back to Step 3.
Theorem 3: With a sufficiently large learning step γ , Algorithm 1 asymptotically maximizes the network utility, U.
Proof: It can be proved that the unique stationary distribution of any channel-slot selection profile is determined through Theorem 4 [17] . Meanwhile, based on [17, Th. 4] VOLUME 6, 2018 and the methodology provided in [18] , when γ is sufficiently large, Algorithm 1 can asymptotically achieve the maximum value of the potential function. Thus, the network utility can be maximized. The detailed proof is given by the [17, Ths. 4 and 5]. Therefore, Theorem 3 can be proved.
B. CHANNEL AND SLOT INITIALIZATION SCHEME
We propose a low-complexity and realistic initialization scheme for the channel-slot allocation in Algorithm 1 considering the degrees of importance among different performance metrics. Specifically, the initial channel allocation scheme can be as follows: Each cluster sequentially selects one channel from M in order, and the UAVs in the same cluster select the same channel, i.e., c n = q mod M , ∀n ∈ S q (18) where q(1 ≤ q ≤ Q) represents the sequence number of cluster S q , and M is the number of available channels. That is, the UAV n chooses the (q mod M )th channel. Intuitively, spreading the clusters over the channels decreases the possibility of the occurrence of inter-cluster interference, and at the same time, the UAVs in the same cluster select the same channel so as to generate the opportunity for maximizing the cluster reward. Meanwhile, considering slot-interval reward and intra-cluster interference, UAV n should select adjacent slots and the slot choices of the UAVs in the same cluster should be as different as possible to minimize slot overlapping. Motivated by the above-mentioned characteristics, for simplicity, we first define the vector Y ∈ C 1×T by sorted the available slots in ascending order, i.e.,
Then we can obtain the slot vector X ∈ C 1×kT
where
and k is determined by the total communication demands of the cluster S q which satisfies:
where x is the ceiling function maps x to the least integer x that is greater than or equal to x which satisfies x ≤ x < x + 1, x ∈ Z , and D n indicates the communication demand of UAV n. Then, we propose a slot initialization scheme, which is described in Scheme 1, to obtain the slot selection of each UAV n in the cluster S q .
Scheme 1 Slot Initialization for Cluster S q
Step 1: Initially, set A 1 = S q , A 2 = ∅, and i = 1 where ∅ is the null set.
Step 2: Select UAV n ∈ A 1 , T n = ∅.
Step 3: Select the slot t x i from T and update T n according to the following rules:
If t x i / ∈ T n , then include t x i in T n , i.e., T n = T n t x i ; else set i = i + 1 and go to Step 3.
Step 4: Remove the element x i from slot vector X, i.e., X = [x 1 , . . . , x i−1 , x i+1 , ...], and set i = 1.
Step 5: If |T n | = D n , exclude n from A 1 and include it in A 2 , i.e., A 1 = A 1 \n and A 2 = A 2 n; else go to Step 3.
Step 6: If A 1 = ∅, stop; else go to Step 2. Essentially, the slot vector X is the index of all slots 1 ≤ i ≤ T repeating according to the certain rule where an example is shown in Fig. 2 . The reasons for designing such a vector are threefold: i) The number of UAVs transmitting at each time slot may be as close to identical as possible so as to mitigate the intra-cluster interference. ii) The slot interval selected by UAV n is shortened as far as possible which can lead to larger slot-interval reward. iii) The vector dimension fulfills the aggregate communication demand of all UAVs and let the principle of slots allocation definite.
V. SIMULATION RESULTS AND DISCUSSION
In this section, we evaluate the convergence and performance of the proposed learning algorithm. Fig. 3 shows the simulation set-up which is similar to [21] , where the UAVs are located in a 1000m × 500m rectangle region. In this scenario, the number of the UAVs in the UAV cluster S 1 , S 2 , S 3 and S 4 are 2, 3, 3 and 2 respectively. The neighboring UAV cluster set of the cluster S 1 , S 2 , S 3 and S 4 are J S 1 = {S 2 }, J S 2 = {S 1 , S 3 , S 4 }, J S 3 = {S 2 , S 4 } and J S 4 = {S 2 , S 3 } respectively. We suppose that the UAVs in the same cluster interfere with Fig. 4 depicts the convergence behavior of the log-linear algorithm. It is noted that the distributed algorithm converges in about 80 iterations. At the end of iteration, it achieves the maximum value of the network utility, where each UAV maximizes its single utility. This figure also demonstrates the convergence of the distributed algorithm in the aspect of the aggregate interference level, where the minimum aggregate interference level is achieved when only minimizing the interference is considered. Some significant observations can be deducted from Fig. 4 as follows. i) Due to the fact the utility function versus the interference level is a down going function, a high utility means a low interference level.
A. CONVERGENCE BEHAVIOR
ii) Increasing the iterations yields minimizing the aggregate interference level. iii) When the problem P4 is optimized, the network can achieve the minimum aggregate interference level. In the proposed utility function, the weights σ , τ and η are used to consider the reward due to the channel and slot interval selections while reducing the interference level. Fig. 5 presents the convergence behavior of the log-linear algorithm in aggregate interference level where σ ranges from 0 to 0.6. Here, σ = 0, indicates that we do not care about the interference between the UAVs so that the aggregate interference level becomes uncontrolled. Meanwhile, it may result in the highest aggregate interference level. Increasing the weight σ yields lowering the interference level and may finally reach to its minimum. 
B. SELECTION BEHAVIOR
The received utility u n represents the key factor of the loglinear algorithm, which may affect the selections of the UAVs. To illustrate the effectiveness of the proposed utility function, we compare the two methods in terms of the slot-interval reward and the cluster reward which respectively correspond to the problems P2 and P3. We consider the topology depicted in Fig. 3 and the demand of each UAV is listed in Table I . The two methods are as follows. strategy according to the utility function u n (a n , a −n ) = D − σ s n . Therefore, the UAVs with heavy communication demand randomly select the channels and with no restrictions on the interval of the slots.
• Method 2: We consider minimizing the aggregate interference level as well as the slot-interval reward and the cluster reward of the multi-UAV network mentioned above. Each UAV updates its selection in accordance with the utility function specified in (12) . To intuitively illustrate the difference, we define the normalized slot-interval reward as follows.
where max(s reward ) = 30 which may be obtained from the optimal solution which is shown in Table 1 . If the UAVs with heavy demand select the consecutive slots, the network may achieve the highest slot-interval reward. Similarly, we define the normalized cluster reward as
where max(c reward ) = 12. Moreover, in the second method, we choose one of the selection results of all the UAVs. The result is the same as Table 1 , which may be explained from three aspects:
-The UAVs in the same cluster will not select the same channel at the same slot, since the intra-cluster interference is more important than the inter-cluster interference. -Due to the slot-interval reward, the UAVs with heavy communication demand choose the adjacent slot such as UAVs No.2 and 3.
-The UAVs in the same cluster tend to choose the same channel at different slots, i.e., UAV clusters S 1 , S 3 and S 4 . However, due to the choice of the weights, while the selections of UAV may increase the interference, the UAVs in the same cluster will not choose the same channel, i,e., UAV cluster S 2 .
FIGURE 7.
The network utility versus number of the UAVs with heavy demand, for two channels and four slots, i.e., M=2 and T =4.
FIGURE 8.
The aggregate interference level versus number of the UAVs with heavy demand for two channels and four slots, i.e., M=2 and T =4.
C. PERFORMANCE EVALUATION
First, we evaluate the performance using four approaches, i.e., the best NE, worse NE, random selection and the proposed log-linear algorithm. We consider the multi-UAV network involving two channels and four slots, where the number of UAVs with heavy demand increases from 4 to 10. Fig. 7 and Fig. 8 compare the network utility and the aggregate interference level of these methods respectively. Some significant results may be achieved as follows. i) The curve of the proposed learning algorithm is close to the best NE which validates the effectiveness of the formulated game. ii) Increasing the number of the UAVs with heavy communication demand leads to higher aggregate interference level which results in the reduction of the network utility. iii) The random selection method provides the highest interference level and the lowest network utility due to its feature of instinctive.
FIGURE 9.
The aggregate interference level versus number of the channels for four slots, using the simulation scenario in Fig. 3 .
Next, we evaluate the performance of the aggregate interference level versus number of the available channels from 1 to 4. Fig. 9 plots the results for the comparison of four methods. From this figure, it may be seen that: i) Increasing the number of channels, corresponding to more available selections for the UAVs, yields lowering aggregate interference level. ii) The performance of the proposed learning algorithm is close to the best NE which validates its effectiveness. iii) For four channels, the communication resource is capable to meet the demand of all the UAVs in the network. Finally, we evaluate the performance of the aggregate interference level versus number of UAVs from 10 to 30 with random communication demands. From Fig. 10 , it is noted that increasing the number of UAVs results in an increase of aggregate interference level. Moreover, the performance of learning solution is close to the best NE with respect to different sizes of multi-UAV network which demonstrates good scalability and adaptability of the proposed learning algorithm.
To summarize, the simulation is carried out from three aspects, i.e., convergence behavior, selection behavior and performance evaluation. We can conclude that the weights which are proposed in the game significantly affect on the performance of the log-linear algorithm. Moreover, the loglinear algorithm optimizes the problem and presents the lowest interference level. The simulation results comparing four approaches validate the effectiveness of the formulated game.
VI. CONCLUSION
We investigated the problem of joint channel-slot selection in multi-UAV networks, from a game-theoretic perspective. The problem was formulated as a weighted interference mitigation game, considering the communication demand of each UAV. Moreover, we designed the utility function under the consideration of the features of multi-UAV network. We proved that the formulated game is an exact potential game and then used the distributed log-linear algorithm to achieve the Nash equilibrium (NE) and overcome the constraint of the dynamic communication demand of each UAV. To speed up the convergence, we also proposed a low-complexity and realistic channel and slot initialization scheme for UAVs. The simulation results validated the effectiveness of the formulated game. However, few issues are still to be studied. For instance, each cluster may dynamically change the number of time slots. Besides, to be more practical, the dynamic feature of the multi-UAV networks, i.e., the trajectories of the UAV clusters, should be further studied. Meanwhile, besides the interference, we may also consider the throughput of the multi-UAV network. The study of these problems, from a game-theoretic perspective, will be ongoing in the future.
Appendix A PROOF OF THEOREM 1
The utility function of the formulated game specified by (12) may be considered from three aspects.
u2 n (a n ,a −n ) + η i∈U n g(a n , a i ) u3 n (a n ,a −n ) (24) In order to prove that the formulated game is an exact potential game, motivated by [18] , we first form the following potential function and then prove it,
First, let us define several sets.
• U n (c n , c U n ) indicates the UAVs located in U n and selecting the same channel c n as UAV n, i.e., U n (c n , c U n ) = {j ∈ U n : c j = c n } • I n (t i , T U n ) represents the UAVs located in U n and selecting the same slot t i (t i ∈ T n ) as UAV n, i.e., I n (t i , T U n ) = {j ∈ U n : t j ∈ T n } VOLUME 6, 2018
• H n (c n , c J n ) denotes the UAVs located in J n and selecting the same channel c n as UAV n, i.e., H n (c n ,
represents the UAVs located in J n and selecting the same slot t i (t i ∈ T n ) as UAV n, i.e., L n (t i , T J n ) = {j ∈ J n : t j ∈ T n } Second, suppose that an arbitrary UAV n changes its joint channel-slot selection from a n = (c n ,
} while others keep their selections unchanged. Motivated by [19] , the slots may be classified into three sets.
The slots which are selected by UAV n before and after changing the selection.
The slots which are only selected by UAV n before changing the selection.
The slots which are only selected by UAV n after changing the selection. Then, for simplicity, we define the change in utility function as u n =u n (a * n , a −n ) − u n (a n , a −n ). Therefore, the changes in u1 n (a n , a −n ), u2 n (a n , a −n ), and u3 n (a n , a −n ) are given by (26), (27) and (28) respectively which are in the top of this page.
In (28), A represents the complement of A, I n (e, T U n ) indicates that the set of UAVs located in U n and do not select the same slot e (e ∈ T n ) as UAV n.
Moreover, the change in φ1(a n , a −n ) reads
where u1 n (a n , a −n ) is given by (24) , and
The selection of UAV n only affects the UAVs in U n and J n , and then, we can easily achieve the change
, 5, which may be denoted as u1 k , so that
yielding
Combining (32)- (35), we achieve the change in φ1(a n , a −n ) rewritten in (36). Meanwhile, the change in φ2(a n , a −n ) is given in (37). Similarly, according to the same analysis process for φ1 n , we may easily calculate the change in φ3(a n , a −n ), as given in (38). The equations are all in the top of next page.
Thus, comparing (26) - (28) and (36) -(38), we achieve
The equation (39) satisfies the definition of EPG. An EPG presents two important and attractive features as follows. 1) Every EPG has at least one pure-strategy NE. 2) Any optimal solution of the problem constitutes a pure-strategy NE. Therefore, Theorem 1 is proved.
Appendix B PROOF OF THEOREM 2
The proof follows similar methodology proposed in [17] . For any pure-strategy NE a NE = (a * 1 , a * 2 , . . . , a * N ), the following inequality holds for any UAV n, ∀n ∈ N :
which can be obtained directly in accordance to the NE definition given in (14) . Summing the both sides of (40), it follows that:
T × u n (a * n , a * −n ) ≥ a n ∈A n u n (a n , a * −n )
where M represents the number of available channels, C On the right-hand side of the inequality (41), a n ∈A n u n (a n , a * −n ) means that the aggregate utility of UAV n as if it would select all possible joint channel-slot profiles simultaneously while other UAVs still transmit on their chosen channels at their chosen slots. Thus, we have: a n ∈A n u n (a n , a * −n )
Considering two factors: 1) Due to the definition specified in (6), the value of f (T n ) is determined by the number of available slots T and communication demand D n . When max(t i+1 − t i ) = 1, ∀1 ≤ i ≤ D n , the number of occurrences of the max f (T n ) can be calculated as (T − D n + 1). Similarly, when the max(t i+1 − t i ) = T − D n + 1, ∀1 ≤ i ≤ D n , the min f (T n ) is achieved. Therefore, it follows:
2) The cluster reward may not be achieved when the intracluster interference exists due to the lack of channel and slot resource under the circumstance of large demand of UAVs, e.g., 
Based on the above analysis, the inequality can be obtained as follows: a n ∈A n u n (a n , a *
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